poor people and disadvantaged minority groups with free health insurance, has a positive labour supply effect in the short run. However, in the longer run, the net effect becomes negative due to the income effect. This is manifested in both average work hours per month and the probability of employment albeit the effect on the latter is statistically insignificant. Interestingly, the finding of the income effect is mainly driven by the non-poor recipients living in rural areas. This raises the question of targeting strategy of the programme to avoid unintended labour supply distortion.
Introduction
The expansion of public health insurance to the poor and the vulnerable has received a large amount of attention because of their potential effects on reducing catastrophic out-of-pocket spending and increasing access to health care (Lagomarsino et al., 2012) . These impacts are particularly important for the poor who normally cannot afford to pay out-of-pocket. These goals are especially desirable for many low and middle income countries with a large proportion of poor population who normally do not have the financial resources to buy health insurance (ibid.).
Many emerging economies in Asia, Latin America and Africa are making progress towards Universal Health Coverage (UHC) to reduce the financial hardship for those seeking health care (Rodin and de Ferranti, 2012; Lagomarsino et al., 2012) . The momentum on achieving UHC is rather strong as many countries have increased or committed to increase government spending on total health expenditure (Lagomarsino et al., 2012) . The ambition towards UHC has also received support and active participation from important donors and international organizations (ibid.).
However, there have been concerns about unintended labour market consequences of health insurance in general and health insurance for the low income in particular. For instance, it is shown that social health insurance expansion in East Europe and Central Asia during 1990-2004 has been associated with higher unemployment (Wagstaff and Moreno-Serra, 2009 ) and reduced aggregate employment (Wagstaff and Moreno-Serra, 2015) while increasing the aggregate share of selfemployment (ibid.). Even though the authors failed to control for political changes which potentially caused unemployment, their findings provoked some thoughts on the potential negative impacts of health insurance on the labour market. From a theoretical perspective, the theory of static labour supply (Chou et al., 2002; Rosen, 2014 ) predicts a negative labour supply effect of health insurance which is not tied to employment due to the income effect.
In the context of the UHC movement, there has been a renewed interest in the labour supply effects of health insurance. However, there is currently inadequate and inconclusive evidence on the topic. A systematic review on the topic (Lê et al., 2017) suggests that empirical evidence in low and middle income countries is relatively scarce and sporadic probably due to data limitation. The existing literature on the labour supply effects of pro-poor health insurance programmes is mainly represented by studies on the American healthcare system where the evidence is mixed (ibid.). Whereas, the evidence beyond the US is very limited (Lê et al., 2017) . This creates a knowledge gap, especially in low and middle income countries where health insurance coverage is expanding. Therefore, to fill this gap, it is necessary to seek for more evidence to guide policy making.
In Vietnam, this is crucially relevant as health coverage is being expanded rapidly with assertive political commitment which has been translated into recent legal documents such as the Health Insurance Law versions in 2008 and 2014. In a latest strategic document, the government aims at a coverage rate of more than 90 percent by 2020 (Socialist Republic of Vietnam, 2016) . This paper investigates the effects of the Health Care Fund for the Poor (hereafter, HCFP) on the labour supply of the beneficiaries in Vietnam. Using pre-treatment matching techniques combined with a Difference-in-Differences approach on a panel of Vietnam Household Living Standard Survey during 2002-2006, we evaluate the labour supply effects of the programme in terms of monthly work hours and the probability of working. We separate the effects for urban and rural individuals as well as the poor and non-poor people among the treated individuals. This paper contributes to filling the knowledge gap on the impact of health insurance on the labour supply and presents empirical evidence on this sporadically researched topic in the context of low and middle income countries.
Literature Review
The distorting effect of health insurance and welfare benefits have been discussed thoroughly in theory. The budget constraint approach argues that government-provided health insurance, as financed by tax, is similar to a welfare benefit and hence can be considered as a positive income shock for low income individuals and those who have high health expenses (Boyle and Lahey, 2010) . Therefore, a non-contributory health scheme may discourage these individuals to work due to the income effect.
Similarly, the static labour supply theory states that individuals make a trade-off between labour supply and leisure at a given wage level (Chou and Staiger, 2001; Rosen, 2014) . Therefore, the provision of welfare benefits increases household income but also potentially reduces labour force participation (Rosen, 2014) . Importantly, as argued by Chou and Staiger (2001) , the income effect of non-contributory health insurance may be stronger than that of other welfare benefits as it not only increases income (in the form of the subsidy) but also reduces variation in consumption resulting from the removal of unexpected catastrophic health expenses. Therefore, compulsory health insurance which is not tied to employment may make paid work less attractive thanks to the consumption smoothing (Chou and Staiger, 2001) . The magnitude of the income effect however depends on the share of health expenses in total household expenses (ibid.).
Despite being used widely, the theories implicitly implies a broad definition of welfare benefits which also include public health insurance. Therefore, the income effect of health insurance is viewed similarly as that of other social transfers which normally have a more direct income push. In the context of low and middle income countries, this direct income effect of public health insurance is not always obvious as in the case of cash transfers due to the negligible health premiums of many public schemes (e.g. in Vietnam the premium of health insurance for the poor under HCFP was only more than 2 USD in 2003 (Socialist Republic of Vietnam, 2002) ). Besides, the removal of catastrophic health costs are not always warranted as it depends on the breadth and depth of the coverage.
In addition, there are concerns about moral hazard arising from welfare programmes, Gruber (2010) argues that non-contributory welfare provision is negatively correlated with labour supply as it 'raises the incentive for individuals to be poor' in order to qualify for the benefits (Gruber, 2010, p.500) . It is important to note that Gruber's definition refers to the American welfare system wherein welfare benefits also concern in-kind transfers like medical care (Gruber, 2010, chapter 17) . Therefore, his argument is not only applicable to in-cash and in-kind transfers but also health insurance for the poor, particularly Medicaid in the US. Even though this view has been considered debatable (Banerjee et al., 2015) , it seems consistent with theoretical predictions which suggest that increased welfare may draw more people into welfare programs while not inducing them to leave (see the models in Ham and Shore-Sheppard (2005); Strumpf (2011) ).
These theoretical arguments indicate a negative effect of health insurance on labour supply. Nevertheless, it is important to emphasize that these models are framed in the context of Medicaid in the US and might not be applicable to low and middle income countries. They seem to ignore the in-kind benefits of health insurance which potentially have a positive health impact on recipients. With better access to healthcare, the poor may become healthier, more productive and hence can work more to increase their income. This health fostering argument combined with a human right based approach is widely used by UCH proponents. Nevertheless, data on health status are normally unavailable in labour market surveys to test this hypothesis (Strumpf, 2011) . Additionally, the empirical evidence of the effects of health insurance on health is rather thin especially for adults (Sommers et al., 2012) . Whereas, this health-improvement assumption does not always hold true because health insurance is not easily translated into better health (Levy and Meltzer, 2004) as it depends on the generosity of the coverage as well as the infrastructure availability.
The empirical literature on the labour supply effects of health insurance in low and middle income countries is rather limited. According to a recent systematic review (Lê et al., 2017) , 47 out of 63 post-2000 publications reviewed are about the US. Similarly, the literature with a particular focus on low income people is mainly concentrated on the US with mixed results (ibid.). Rosen (2014) shows that those without Medicaid tend to work around six hours more per week while an increase in eligibility reduces the employment likelihood by 1.7-7.2 percentage points (Dave et al., 2015) . Other studies, however, find insignificant results of Medicaid introduction and expansion on labour supply in terms of work hours (Gooptu et al., 2016) and labour force participation (Strumpf, 2011; Ham and Shore-Sheppard, 2005) . This inconclusive result is also confirmed by another synthesis by Gruber and Madrian (2002) who reviewed the US literature published before 2000.
There is no study for Vietnam on the labour supply effects of health insurance for the poor. Recent evaluations of health insurance in Vietnam have instead investigated the effects of health insurance expansion on out-of-pocket spending (Jowett et al., 2003; Wagstaff, 2010; Nguyen, 2012; Nguyen and Wang, 2013) , healthcare utilization (Wagstaff, 2007 (Wagstaff, , 2010 Nguyen, 2012; Nguyen and Wang, 2013; Guindon, 2014; Palmer et al., 2015) and health outcome (Guindon, 2014) . Two studies specifically assessing HCFP (Wagstaff, 2007 (Wagstaff, , 2010 ) also fall into this discourse. However, results from these two studies are relatively sensitive to the methodological choices made, which make one question the robustness of the results presented. Wagstaff (2007) used a single difference and Propensity Score Matching to find that HCFP substantially increased service utilization while in another study using triple differences, he concluded that HCFP did not change service utilization albeit reducing out-of-pocket payment (Wagstaff, 2010) . Thus, the evidence of the impacts of HCFP on these outcomes is limited and inconclusive, whereas the labour supply effects in particular are under-studied.
The Vietnam Health Care Fund For The Poor
The expansion of health coverage in Vietnam has recently accelerated owing to improvements in living standards in fast-growing regions as well as the global push for UHC. After the 1986 Reform, normally referred as 'Doi Moi', wherein the economy was shifted from a centrally planned system to a more open and market-oriented economy, the Vietnamese government has conducted a plethora of healthcare reforms (Wagstaff, 2010) to improve healthcare access and coverage. One illustration is HCFP, which was introduced in 2003 as a subsidized health scheme for the poor and ethnic minority peoples. The aim was to tackle ever increasing out-of-pocket payment, especially for the poor and vulnerable (Wagstaff, 2010) .
HCFP was founded under the Decision 139/2002/QD-TTg, under which provincial governments are mandated to allocate an annual sum for the Provincial Agency of labour -invalids and social affairs -a subordinate body under Ministry of Labour -Invalids and Social affairs-MOLISA-to buy health insurance cards and then have them delivered to the poor within the province. The budget was allocated annually based on a list of poor people proposed by the agency which gathered information from lower level agencies at district and commune levels via hierarchical reporting. The fund was co-financed by both the central and provincial governments and was introduced to replace its the previous programme called Free Health Card (FHC) for the Poor.
According HCFP pays 100 percent of the insurance premium for the poor (around 2.5 USD per person per year in 2003) to ensure that every poor can get free access to any public healthcare facilities affiliated with national social health insurance scheme. The Fund then directly pays to service providers upon utilization (according to Decision 139/2002/QDTTg) . This is to ensure that the poor, by law, do not have to pay out-of-pocket in advance. Even though the regulation requires that provincial authorities buy health insurance for the poor, during the implementation process, provincial governments can chose to i) either buy and issue free health insurance cards for the poor and hence automatically enrol them into national social health insurance scheme or ii) directly reimburse service providers for healthcare services delivered (Tran et al., 2011) .
In reality, many provincial governments normally use both approaches: i) issuing health insurance and ii) providing free healthcare services for the poor irrespective of the availability of health insurance cards (Tran et al., 2011) . In the latter case, poor certificates, which serve as an identification for the poor, can be used instead when seeking free treatment. Qualitative evidence also shows that some provinces tried to shift the financial burden to the social health insurance system by enrolling sick people into the national insurance scheme while providing user-fee exemption and direct reimbursement to the remaining poor (Tran et al., 2011) . Therefore, some policy modifications were made in 2005 to remove direct reimbursement and ensure that the poor have health insurance (ibid.). This crucial right was then embraced in subsequent health regulations (i.e Health Insurance Law versions in 2008 and 2014). However, the flexibility and inconsistency during the early stage of implementation as aforementioned complicates our analysis as we cannot disentangle the effects of health insurance issued under HCFP and its precedent FHC because the health insurance card could be absent if the poor used poor certificates upon healthcare seeking. Therefore, in this analysis, we decide not to separate the two, which is consistent with previous studies like Wagstaff (2010) . (2009)) and influences estimations on many dynamic issues like labour supply, changes in health status and so on (ibid.). Therefore, in this paper, we use the revised household and individual identifiers provided openly on the author's website (McCaig, 2017) to correct for the wrong matches.
Data and Methodology
After data verification and cleaning, we ended up with a balanced panel which includes 6,808 individuals in each wave. We adopt the universally accepted working age definition and only keep individuals aged between 16 and 65 although labour regulations in Vietnam do not set the upper bound 1 . The age cut-offs reduce the sample size to 4,020, 4,291 and 4,649 individuals respectively. We also remove 338 observations who were covered in 2002 out of FHC scheme before appending the remaining with the later waves to create a balanced panel of 3,564 observations each wave.
One important note about the data is that the survey design in 2002 is relatively simplified compared to the other two waves. Questions on health insurance in the 2002's survey are at the household level while information in 2004 and 2006 is for each household member. We hence assume that if a household is covered with HCFP or FHC in 2002, everyone within the family is covered. This assumption is reasonable given the fact that poverty status in Vietnam is specified at household level via community meetings.
Another data issue is that the 2002 survey merely asked information on HCFP and its precedent FHC while ignoring other health schemes applicable to the working-age poor (namely health insurance for students, health insurance for social assistance recipients and people of merits: the invalid, the handicapped, mothers of war martyrs). Therefore, in our definition of covered and uncovered groups in 2002, we cannot separate the effect of HCFP from other health insurance schemes for the poor (if any). This issue will be discussed further in section 7.
In We bundle these three into one treatment group and use group dummies to separate their effects. Those uncovered in all three years form a potential control group for matching. We combine pre-treatment matching with Difference-in-Differences (DD) to evaluate the effect. Eligibility of health insurance for the poor via HCFP or FHC schemes was not random yet mainly based on poverty status and geographic locations. We therefore use these criteria in our pre-treatment matching to determine a control group before conducting DD estimations.
The matching vector consists of expenditure-based poverty status 2 , location (urban or rural), individual and household characteristics that influence the treatment assignment and the outcome equation. These include age, gender, literacy, marital status, relation to the household head, work sector regarding involvement in farming activities, household size, dependency ratio 3 , female headed household (dummy). In addition, as local authorities might have prioritized sick and poorer people among the poor in the context of limited budget (Tran et al., 2011) , we include healthcare utilization as a proxy for this unobserved health status in the matching vector.
Importantly, due to criticism of and concern about Propensity Score Matching (PSM) methods (see King and Nielsen (2016) ), we deliberately choose Mahalanobis matching over the widely used PSM. However, following the advice by King and Nielsen (2016) , we also conduct a number of PSM attempts (including Kernel algorithms, and nearest neighbour matching) and then compare matching results regarding efficiency, level of bias reduction before switching to the Mahalanobis metric.
We find that PSM in our case is not an optimal choice due to its inability to completely remove imbalances between the treated and the untreated (see Appendices A9-12 for T-Test results and variance ratios of the matchings). Consequently, PSM attempts result in a very small number of off-support observations even though we know with certainty that treatment selection bias is an issue because health insurance for the poor were not randomly assigned. This is probably due to, what is explained by King and Nielsen (2016) , the blindness of PSM to many imbalances as the method tries to approximate a perfect randomization. We also find that Mahalanobis matching in our case is more efficient by fully removing imbalances and bias between the two groups.
The technique, however, comes with a trade-off: after the Mahalanobis matching, we have to remove from the baseline 411 off-support treated observations which are not compatible with any observations in the potential control group. This number of trimmed observations is relatively large in the total number of 665 treated observations in 2002. Based on the TTest results (see Appendices A9-A12) the imbalances mostly come from two household characteristics, i.e the household size and whether the household is headed by a female. These two covariates appear to be important determinants of the treatment 2 We use poverty line (Glewwe, 2003) in 2002 to identify who were poor in the baseline year 2002 3 this is defined as the total number of dependants aged below 16 or above 65 over the total household size assignment in our diagnostic regressions. Therefore, we use Mahalanobis matching as the most stringent method. We, however, also use other matching metrics as robustness checks.
The final sample for DD estimations includes 252 treatment and 2,901 control individuals each wave. We use two dependent variables: i) number of hours worked per month on average as left-censored variable and ii) probability of employment as a binary choice. We respectively employ Tobit and linear probability models for these two outcomes. We employ bootstrap method in estimating standard error and confidence interval for all regressions. The reduced form specifications are as follows:
(1)
where:
hour denotes number of hours worked per month on average employ=1 if currently employed and =0 otherwise. treat=1 for treated individuals, treat=0 for the control. post k denote post-treatment dummies with k runs from 1 to 2 that respectively denotes 2004 and 2006 treat dummies include dummies for three different treatment groups, with j running from 1 to 3.
X' is the vector of control variables that explain labour supply. X' also includes the intercept.
u is the error term. i and t respectively denote individual and time subscripts. Individual and household characteristics in vector X' consist of age, age squared, gender, literacy, marital status, relation to the household head, household size and dependency ratio. Additionally, we proxy for health status by the number of healthcare visit per year. We also account for the effects of labour demand by specifying the geographical regions where the individuals are living using the variable 'urban' and the availability of programme 135, one of the largest and the most important poverty reduction programmes targeting the poorest communes in Vietnam. We control for the farming sector, which is the most common for the Vietnamese rural poor, and type of work (wage-employment in particular). Finally, because the majority of our sample work in farming sector, we try to control for seasonal effects by adding interview month. (2010)). Descriptive results of the control variables are shown in Table 2 . This descriptive picture is drawn from the truncated panel after matching. In general, the majority of eligible individuals in our final sample are literate (at 96 percent). Additionally, they live in households where dependants make up around one third of total household size which is on average at nearly 5 people per household. Approximately 88-89 percent are participating in the labour market, the majority of which are self-employed in agri/aquaculture sector (respectively making up 71, 70 and 66 percent of those employed in 2002, 2004 and 2006) . This is because more than 75 percent of them are living in rural areas.
Results

Descriptive results
Notably, even though the HCFP is designed to target the poor and ethnic minority peoples living in disadvantaged regions of Vietnam, it is important to emphasise that the programme does have spill-over effect to the non-poor who were covered due to inclusion error (See Table 2 ) or because of the discrepancy in defining poverty in Vietnam. We use World Bank expenditure based poverty line in 2002 while in reality HCFP (or HC) coverage is specified by an official poverty status decided by community meetings. This leads to an unavoidable inclusion error for this study 4 . Thus, the treated in our sample also include the non-poor in all periods -this helps to explains the large number of control individuals kept in all matching methods as well as the larger number of non-poor control individuals who are compatible with the non-poor treated people. Besides, the large number of the non-poor in the treated also reflects the complication in the targeting strategy of the programme which also consists of categorical targeting components (by racial status and geographical location) rather than just the poverty status (means-tested targeting). 
Results
Difference-in-Differences Matching estimates are presented in Table 4 Table 4 suggest that the net impact of HCFP on the target population is positive in the short run yet become negative in the longer run when the income effect kicks in and dominates the health-fostering effect. Because the employment structure and type of work are significantly different in rural and urban areas, we also break down the results by region. Table 6 suggests that the dominance of the income effect in 2006 is mainly driven by rural individuals (the effect for urban individuals is not statistically significant compared to 10 percent significance level of the effects for rural individuals probably due to the smaller sample of urban people). The HCFP's impact on the probability of employment are statistically insignificant in both years 2004 and 2006 across regions albeit the effect for urban individual is larger in size. This is probably due to the availability of more job opportunities in the urban areas. Because the treated individuals in our sample also include the non-poor while the income effect as well as health improvement effect might be significantly different for individuals of different levels of initial income level, it is hence important to distinguish the effect for the poor and the non-poor to evaluate the effects on the target group of interest. The effect signs of these two groups are consistent with the general trend in Table  4 . Interestingly, Table 8 suggests that the statistical significance of the general effects found in Table 4 are mainly driven by the non-poor treated individuals. On average, the treated non-poor are working 13-14 hours less than the non-poor control individuals in 2006 and this effect is significant at 10 percent level. In contrast, the poor albeit working 17-22 hours less per month in 2006, the effect is statistically insignificant. Standard errors in parentheses * p < 0.1, * * p < 0.05, * * * p < 0.01
Robustness checks
As mentioned, we tried different PSM techniques before switching to Mahalanobis matching. We also ran regressions for the matched samples from these matching techniques, the results are reported below. The results of hours worked are consistent with that of Mahalanobis matching in terms of the effect sign. However, the effect size decreases from a reduction of 12-14 (Mahalanobis) to 8.1-9 hours worked per month (other matching methods). The standard errors are also larger in the latter where the significance level of the coefficients of interest slightly changes from 5 percent to 10 percent. These changes in the effect size and significance level are due to the fact that Mahalanobis matching removed more treated observations than other matching alternatives. When these treated observations were kept for the latter, it underestimates the effect as the control observations are not perfectly matched (see more details in the Appendix). However, in general, the general message does not change: we still find a significantly negative effect on the number of hours worked in 2006 and insignificantly positive effect in 2004. The conclusions of the health effect and the income effect hold true and robust across matching techniques used. Similarly, we conducted the regressions again using other matching techniques on the probability of working. We found no significant effect of the HCFP on the probability of being employed in both years 2004 and 2006. It is important to emphasise that the Tobit model, which is used to estimate the effect on the number of work hour, is based on the assumption of error normality and homoscedasticity. After Tobit regressions, we conduct a conditional moment test to test the null hypothesis that the disturbances in the Tobit regressions have a normal distribution. This test was developed by Skeels and Vella (1999) who built it on work by Newey (1985) and Tauchen (1985) . A rejection of the null hypothesis of error normality suggests that the Tobit estimates are inconsistent. Our diagnostic test unfortunately reveals a rejection of the normality assumption. Therefore, we followed Cameron and Trivedi (2010) and use two-part and selection models as alternatives for the Tobit. The two-part model consists of two parts, one analysing the determinants of being employed using Probit regressions and the second stage involving OLS regressions on work hours of those employed. This model is used when we assume that the two stages are independent. However, one might suspect that the decision to participate in the labour market (part 1) is not entirely independent of the number of work hour (part 2) because both of these decisions can be determined by individual motivation and many other unobserved characteristics. Therefore, if the assumption of two-part independence does not hold true, we can use the sample selection model and assume that there is some selectivity into the labour market. For identification, we use the non-linear functional form of the selection equation (Cameron and Trivedi, 2010, p.558) .
The results are presented in the Appendix. Despite weak consistency caused by non-normality of the error terms in Tobit regressions, the models manage to capture the correct sign and statistical power of the effect of interest because results from the two-part and selection models yield the same conclusion as those of Tobit regressions. The main difference is the effect size on hours worked, respectively at 12.3-14.8 hours in Tobit models, 8.6-10.5 hours in the two-part model and 8.9-10.4 hours in the selection regressions. This means a change in effect magnitude of around 3.7 to 4.4 hours per month. This effect size difference is negligible relative to average monthly work hour which ranges from 157 to 165 hours (see Table  2 ). Therefore, our conclusion is insensitive to the choice of model despite the failure of Tobit's normality assumption. This probably is thanks to the use of the paired bootstrap method in estimating standard errors which conducts re-sampling based on the sample and hence to some extent minimizes the level of inconsistency caused by non-normal disturbances.
We also investigate the common trend assumption of the DD method. By combing matching with DD, we implicitly assume a parallel trend conditional on the matching covariates. Further diagnosis however is needed to confirm this parallel trend once the matching is done. Unfortunately, we only have one pre-treatment period, making it impossible to test the trend leading to treatment. In our model, we allow time-varying treatment effect, therefore the parallel trend after treatment is relaxed. By adding timevarying covariates in the DD regressions, we can to some extent capture the parallel trend simply by comparing the models with and without these covariates. According to Table  4 and 5, the effect of interest in 2004 and 2006 (the coefficients of the two interaction terms) are relatively similar across Tobit and LPM regressions. This indicates that the common trend assumption after matching holds true.
Discussion
We find evidence of two channels through which the HCFP affects labour supply. The health-boosting and income effects found in this paper seem to explain the mixed effects suggested in the literature on health insurance for assistance recipients (see Lê et al. (2017) ; Gruber and Madrian (2002) ) although the income effect seems to be stronger both in sign and magnitude. It is interesting to note that we find evidence to support a health improvement effect in 2004 (albeit insignificant) despite controlling for healthcare utilization in all DD regressions. This somehow indicates that healthcare utilization is not a good proxy for health status given the limited healthcare infrastructure in rural Vietnam (Cuong, 2010) which potentially hinders poor people from seeking healthcare when needed. This also explains why the health improvement effect in both periods are not strong enough to offset for the work disincentive.
We find that the effects in 2004 and 2006 are mainly driven by the non-poor, especially those living in the rural area. These include non-poor ethnic minority peoples living in disadvantaged areas and hence qualify the categorical targeting criteria. They can also be the near-poor who were not poor based on the World Bank expenditure based poverty line but were defined as poor by the local community. Or they were mistakenly covered due to lots of other implementation complications -this comprises the real inclusion error of the programme. Whereas, in Vietnam the poor in rural regions often comprise ethnic minority individuals living in remote and disadvantaged areas where health access, health literacy are limited (Cuong, 2010) and it often takes some time to raise their awareness of public programmes. Therefore, during the first stage of HCFP wherein direct reimbursement was conducted in many provinces, the programme might not be able to benefit the poorest of the poor probably due to their lower take-up rate and lower healthcare utilization compared to the non-poor who normally live closer to local healthcare centres. Unfortunately, information regarding distance to the nearest healthcare delivery points was not asked in all three data periods so we can not test this hypothesis. Additionally, other studies that looked at utilization and out-of-pocket payment of this specific programme (Wagstaff, 2010 (Wagstaff, , 2007 only examined the average treatment effect for those covered and did not delved deeper into this poverty angle so it is difficult to justify this extrapolation.
Notably, the net effects for the poor in both years are all positive but statistically insignificant, suggesting that the income effect for the poor is dominated by the health improvement effect. However, we will need the effects to be statistically significant to really disprove the argument of welfare dependency discussed earlier by the budget constraint approach.
Most of the existing literature only evaluated the short-term effect -normally right after an intervention. This might not be sufficient as both of these effects normally need some time to materialise. Therefore, in this paper we have taken advantage of the threewave panel and examined the effects one year and three years after the intervention. We find that the net treatment effect seems to change over time. The effect on hours worked is positive (albeit statistically insignificant) one year after the introduction of HCFP. After three years when the income effect kicks in, it appears to dominate the health improvement effect, yielding a negative net effect on work hours. The change in effect signs is very interesting to discuss. One would expect that for the low income, the income effect will kick in faster than the health impact which is normally take some time to materialise. However, we find the opposite for the rural non-poor people in Vietnam. This may be explained by the very small health premium subsidized as well as the low cost of public healthcare services. Therefore, the income increase relative to the total income of those treated non-poor individuals is not large enough to trigger the income effect from the first year of implementation. Over time, the reduction in out-ofpocket payment (Wagstaff, 2010) could accumulate and materialise to yield a negative and significant net effect. Another explanation is that the theoretical models based on the income effect only investigate the short-term income effect (i.e an income increase due to the subsidy value or reduced health costs) while not examining the income effect in a longer term. If health insurance can improve healthcare access and health, in the long-run people can increase their productivity and then income while working less. This might be the case for the non-poor individuals where we observe a delay in the income effect.
It is difficult to compare our results with the existing literature due to the overrepresentation of studies on the US healthcare system as well as the inconclusiveness of the empirical evidence in the US (see the systematic review by Lê et al. (2017) ). We have evidence of Medicaid, Childrens Health Insurance Program (CHIP) and Affordable Care Act but the evidence of these studies is rather mixed with different target groups of low-income beneficiaries (ibid.). Our finding of the negative effect on the number of hours worked is conflicting with the majority of the empirical evidence on Medicaid and CHIP. Our estimates regarding the effect on the number of hours worked are smaller in size compared to an effect size of 6 hours per week (or on average 24 hours per month) suggested by Rosen (2014) for Medicaid recipients. This might reflect the larger generosity, and hence bigger income effect, of the Medicaid programme compared to HCFP in Vietnam. Regarding labour force participation, our results are consistent with Strumpf (2011) and Ham and Shore-Sheppard (2005) who suggested that the introduction and expansion of Medicaid did not affect the likelihood of labour force participation. In contrast, these results conflict with Guy et al. (2012) and Dague et al. (2014) who found that low-income childless adults reduced their employment likelihood due to Affordable Care Act. This discrepancy may be explained by the fact that these two studies only focused on childless adults while our paper investigated the working-age population in general. Another reason concerns the discrepancy in the coverage generosity of the Affordable Care Act compared to HCFP in Vietnam.
The finding of a negative net effect of HCFP on the number of hours worked in 2006 for the non-poor raises concern in the context of moving toward UHC in Vietnam. As we find evidence that supports both health boosting and work disincentive effects for the non-poor, the key question for policy makers would be how to better target the poor to avoid unintended labour supply distortions.
This study comes with a data limitation caveat. Effects of other health insurance subsidies other than the HCFP cannot be adequately accounted for due to data limitations in 2002. The health section of 2002's questionnaire does not include any question on health coverage. The information on HCFP and FHC is however asked at the household level in another section on public subsidies and assistance benefits. This is inconsistent with the design of the later surveys in 2004 and 2006 where different types of health insurance are specified for each household member (and hence the level of analysis is at individual level). This data limitation leads us to assume that HCFP is covered for the whole family if a household answered that at least one person within the family receiving this health scheme in 2002. Additionally, due to not being asked, the coverage of other types of health insurance in 2002 is unknown, potentially leading to an under or over estimation of the effect magnitude depending how these health insurances are distributed among treatment and control groups in 2002. However, this data unavailability does not bias our estimates if we assume that conditional on the matching observables, the distribution of other types of health insurance between the treatment and control groups in 2002 are compatible. In this case, the bias caused by other types of health insurance in 2002 would be cancelled out in the pre-treatment difference (in mathematical terms, it equates treatment minus control in the baseline).
Conclusion
To conclude, by using Difference-in-Differences Matching methods to evaluate the labour supply effects of free health coverage for the benefit recipients in Vietnam, we examined two outcomes of labour supply: the number of hours worked and employment likelihood. We found that the net effect of free health insurance on work hours was positive albeit statistically insignificant one year after the intervention. However, after three years it became negative and statistically significant. Additionally, we observed the same trend for the probability of employment in the effect sign although the effects did not have statistical significance in both 2004 and 2006. Importantly, the effects were mainly driven by the non-poor people living in rural areas. This raises the question of targeting strategy of the programme, highlights the importance of infrastructure availability as well as awareness raising and improving health literacy for the poor when designing such public health scheme.
We contribute to the existing literature in several ways. First, we help fill the knowledge gap in low and middle income countries where health insurance coverage is rapidly expanding yet not guided by empirical evidence on labour market effects. Second, we analyse the labour supply effects over a longer time span after the intervention. This allows us to capture both health-boosting and income effects induced by health insurance. Third, we dig deeper into the poverty perspective to unravel the mechanisms which are mixed between the two conflicting theoretical predictions. Standard errors in parentheses. * p < 0.1, * * p < 0.05, * * * p < 0.01
Treatment group dummies, 'belongs to Programme 135' are included in but not significant Interview month is included in (6), suggesting that those interviewed in Apr are 13.2 pp more likely to be employed relative to January 
Number of hours worked per month Dummies for treatment groups are included but insignificant Interview month is included in model (7). Labour supply of those interviewed in May is 11 hours less relative to that of January Table A5 : Selection models -Outcome equation
Number of hours worked per month Standard errors in parentheses * p < 0.1, * * p < 0.05, * * * p < 0.01 As illustrated, Mahalanobis matching in this case manage to fully remove bias between the treated and untreated observations (see the results in bold). In contrast, PSM methods fail to fully clean up the imbalances between the two groups and suggest a very small number of off-support observations. This leads us to suspect the quality of PSM metrics which try to approximate a completely randomized sample and potentially ignore many imbalances. Similarly, figures of disturbance variance after matching suggest the use of Mahalanobis matching. 
